The results of the multifractal analysis performed for meteorological time series coming from four stations in Poland and Bulgaria located in varying climatic zones are presented. To assess climatic shift response (in 2001/2002), the analysis was conducted separately for two subsets. To analyze long-distance power-law correlations within the studied time series and evaluate the differences in dynamics of the climate between the analyzed sites and periods of time, the multifractal detrended fluctuation analysis methodology (MF-DFA) was proposed. It was revealed that the multifractal properties of precipitation differ considerably from other analyzed quantities. The singularity spectra were susceptible to climatic shift, what was indicated by the changes of spectra parameters. It was especially apparent for asymmetry, which changed from being right-to left-skewed, implying the occurrence of more extreme events. Similarities in the dynamics of meteorological processes for each of the climatic zones were proven by the close relation of respective multifractal spectra parameters coming from closely spatially related localizations.
Introduction
One of the major scientific challenges in climatology is to understand the basics of mechanisms leading to climate changes. Nowadays, quantification of the human role in change of climate is widely discussed, but what we perceive as climate change is an outcome of variations within meteorological time series that happen on timescales extending from interannual fluctuations even up to the age of the earth (Baker et al. 2007) . Relying on what is currently known, climate has already shown in the history quite remarkable changes over different timescales. In particular, one of the most salient features of the past climate changes is the so-called 100-ky cycles observed in paleo-climatic records. According to Benzi (2010) , these cycles were characterized by abrupt warming phases followed by tender declines of temperature. It is said that to understand a phenomenon basis, this phenomenon must be observed. However, if variability of some process occurs on a specific timescale t and a stochastic component is present in it, then to address those changes in a proper way, phenomenon must be observed over many intervals of t. Therefore, to understand, model, and predict climate change, meteorological time series from globally distributed points, being recorded over a long period of time, are required. Exploring temporal and spatial variability of those series is particularly important for assessing the type of climate system response to a variety of forcings. In numerous cases, the typically applied standard methods of analyzing temporal variability in climatic data are insufficient enough to elucidate changes in spatial patterns, which frequently stand for a variation of a climate in a local-scale. Hence, besides the typically used procedures basing on the quantification of trends and oscillations of the relevant meteorological quantities (Balling et al. 1998 ), more exquisite methods including fractal analysis and chaos theory are being established and successfully used to grasp the dynamics of processes occurring in the individual layers of the atmosphere (Higuchi 1988; Kalauzi et al. 2005) . These novel approaches permit not only to derive trend and seasonality within the analyzed time series, but also to assess other features, such as the long-distance power-law correlations, what means that decay of those correlations takes place in accordance with the power law, instead as the more intuitive exponential decay. Such characteristics can be relevant and helpful for describing climate variability among specific regions and time periods at different scales. From among numerous methodologies that are used to successfully achieve this goal, multifractal analysis stands as a promising tool, as it gives information about not only long-distance power-law correlations, but also other inherent features of the time series. In this formalism, the generalized Hurst exponents are calculated, which refer to various scales within the series and are good measures of the self-similarity (Kantelhardt et al. 2006) . The term Blong-distance power-law correlation^or shorter-Blong-range correlation^, denotes the effect of memory within the structures of the series in temporal or spatial scales, causing a slow decrease of the correlation function that is accountable for a Bnon-local behavior^of the time series (Sánchez et al. 2005) . This phenomenon, often referred as a Bmemory effect^, can be described as influence of previous system states on the evolution of the system over time. BMultifractality^in this sense is connected to a complex behavior that can be spotted for some systems characterized by quantities, time series of which exhibit self-similar properties. This complex behavior is linked with different laws of scaling for various orders of correlations within analyzed time series. In other words, multifractality is an indication of the complex dynamics, for which a single exponent (like the fractal dimension) is not sufficient enough to fully characterize the phenomenon. The multifractal analysis as a section of the fractal theory was introduced on the ground of econometry (analysis of price fluctuations), being able to overpass the shortcomings of the classical theories in dealing with processes that undergo the scaling law. Also, two specific features can be linked with a time series when its dimension is non-integer-inhomogeneity, which means the occurrence of extreme fluctuations at irregular intervals, and scaling symmetries, which define relationships between fluctuations over different separation distances (Scarlat et al. 2007) .
Over the course of past years, the multifractal features of many geo-physical processes and systems have become widely explored. As it has already been shown by Kantelhardt et al. (2006) , MF-DFA can be applied to detect non-stationarities and overcoming trends in the noisy data at all timescales. It was confirmed that numerous processes in the soilatmosphere system expressed through respective long time series exhibit multifractality, including wind speed (Kavasseri and Nagarajan 2005; Feng et al. 2009 ), relative air humidity (Baranowski et al. 2015), precipitation (de Lima and de Lima 2009; Gemmer et al. 2010; Valencia Delfa et al. 2010; Yonghe et al. 2013) , temperature fluctuations of the oceanic waters (Fraedrich and Blender 2003) , mean and extreme values of air temperature (KoscielnyBunde et al. 1998; Bartos and Jánosi 2006; Yuan et al. 2012; Krzyszczak et al. 2017a) , or temperatures of the soil in the soil profile (Jiang et al. 2013) . Yu et al. (2014) applied multifractal formalism to investigate whether any relation between rainfall variability and the lay of land can be found.
There is good evidence of the multifractal structure of meteorological time series collected over a few years' period for single sites or small regions (Király and Jánosi 2005; García-Marín et al. 2008; Yonghe et al. 2013; Karatasou and Santamouris 2018) . However, there is an increasing need to examine multifractal properties of long-term meteorological time series (at least 30 years) over large areas, belonging to the diverse climatic zones, in order to determine differences and variability in the climate dynamics. To find interactions between locally measured fluctuations and the fluctuations in larger scales, it is substantial to acknowledge the temporal scaling properties of the time series subjected to research. It was already indicated (Hoffmann et al. 2017; Krzyszczak et al. 2017b ) that aggregation, whether in spatial or temporal scale, exceedingly impacts multifractal features of time series of agro-meteorological data. Therefore, data upscaling for research performed in a large scale should be done carefully and above effect, together with other issues, should be also considered. Also, in multi-ensemble crop growth and yield modeling (Pirttioja et al. 2015; Fronzek et al. 2018; Ruiz-Ramos et al. 2018 ) usually some alterations in the structure of the time series are being performed to include the effect of climate change, e.g., by shifting their amplitudes or oscillations. This procedure can modify inherent properties of time series, such as long-range correlations, and therefore they should be made very carefully.
The main idea of this work is to compare multifractal properties of chosen long-term meteorological time series recorded in two European countries in various climatic conditions, taking into account two climate shifts distinguished in recent decades: the first one around 1980, for which not only changes in the mean temperature were observed, but also the temperature variance changed in the periods before and after 1980 (Huntingford et al. 2013) , and also before and after turn of the years 2001/ 2002 (Swanson and Tsonis 2009) . The selected approach allows us to verify if changes in the dynamics of meteorological processes pointed out in the literature can be spotted with the use of the MF-DFA and try to generalize them for diverse climate conditions.
Materials and methods

Study sites and meteorological data
The multifractal analysis was performed using the time series of basic weather elements from the meteorological stations located in two European countries: Poland and Bulgaria, which vary with climatic conditions. The study was conducted for four stations: Lublin, Poland (51°15′ N, 22°34′ E, 170 m a.s.l.), Grabow, Poland (51°24′ N, 21°58′ E, 152 m a.s.l.), Knezha, Bulgaria (43°29′ N, 24°05′ E, 117 m a.s.l.), and Chirpan, Bulgaria (42°1 2'N, 25°19′E, 178 m a.s.l.). The Grabow and Lublin sites can be classified as having a warm summer continental climate (Köppen-Geiger climate classification: Dfb); however, the site in Lublin is within the city area, whereas the site in Grabow is situated among agricultural fields. According to the classification of climatic conditions within the Bulgarian territory (Sabev and Stanev 1959) , Knezha is situated in the northern climatic region of the Danube plain within the moderate continental zone (Köppen-Geiger climate classification: Dfa). In this zone, summer is usually hot, whereas winter is cold and autumn is slightly warmer and drier than spring. The annual precipitation pattern has a continental character, with the maximum in June and the minimum in February (Kazandjiev 2011) . Chirpan is located in the central-eastern Bulgarian climatic region belonging to the transitional continental climatic zone (Köppen-Geiger climate classification: Cfa). Hot summers and moderately cold winters (mild winters) can be usually observed in this zone. The annual precipitation pattern also has a continental character with the maximum during June and the minimum in February (Kazandjiev 2011) . Both stations are situated in an area of agricultural fields. Weather data were collected from January 1, 1980, to December 31, 2010, using automatic weather stations with measuring sensors of similar sensitivity and accuracy for all sites. All the measurements were performed in compliance with WMO standard. The time series of 11,323 daily observations of the following four variables were considered in the present study: air temperature (°C), precipitation (mm), relative air humidity (%), and wind speed (m s
−1
). In an effort to ascertain the climate shifts indicated in the literature, the analyzed time series were split into two subsets. One subset contained data from the 1980-2001 period (8036 records), whereas the second one from the 2002-2010 period (3287 records). The descriptive statistics of the used subsets of time series from all the study sites are presented in Table 1 .
The highest mean and median values of air temperature were observed at the Chirpan station, whereas the lowest ones for the Grabow station for both sub-periods. The Grabow station is also characterized by the lowest values of minimum and maximum temperatures and the highest values of mean and median relative air humidity and wind speed, also for both sub-periods. Generally, the sites in Poland show lower values of temperature (mean, min., max., and median) and slightly higher values of relative air humidity and wind speed than the sites in Bulgaria for both sub-periods. Also, higher values of air temperature for the second sub-period can be observed for all the stations (mean, min., max., and median), thus indeed indicating the shift in temperature reported around 2001/2002. For the wind speed time series, the mean values are similar for both sub-periods and for all the stations, while the maximum observed values are lower in the second sub-period and some change in medians can be observed, which suggests that the structure of the wind speed time series changed in the second sub-period, becoming more regular and less dominated by extreme (maximal) values.
Seasonal detrending
Before performing fractal analysis, it is important to filter out the periodicities that occur in the data structure, as it was already shown that they influence non-linear properties of the time series (Livina et al. 2011) . A method of periodicities substraction that was applied in our study is called the STL (Seasonal and Trend decomposition using Loess). This method is based on repeatedly applied smoothing procedures that use the locally weighted regression, or loess (Cleveland et al. 1990 ). After decomposing time series into seasonality, trend, and remainder, the STL procedure removes seasonality and the remaining components are added together to produce a Bnew^time series. The usefulness of the STL formalism for preparing the data series in advance to the application of the MF-DFA method was confirmed by Li et al. (2015) .
MF-DFA analysis
After the seasonal detrending, acquired time series of meteorological elements were subjected to the Multifractal Detrended Fluctuation Analysis to uncover their scaling characteristics. MF-DFA formalism makes it possible to unfold the scaling behavior of the fluctuations in the time series and to find the spectrum of singularities. The MF-DFA scheme, which was proposed in 2002, generalizes the formalism of Detrended Fluctuation Analysis and was formulated and spread by Kantelhardt et al. (2002) . It expands DFA applicability and enables studies on the multifractal nature of the time series of quantities describing miscellaneous processes (Peng et al. 1994) . The procedure of performing multifractal analysis relies on five steps performed for each of the data series X i of length N (Kantelhardt et al. 2002) :
(1) The Bprofile^Y(i) is created by converting the noises into random walks:
(2) The procedure of dividing the Bprofile^into N s = int(N/s) non-overlapping slices of the same length s is redone from two opposite ends of the series because the lengths s and N of the series are disproportionate numbers and a short part at the end of the profile may remain after each division. As a result, 2N s segments are obtained in total. (3) Trends for all of the 2N s segments are determined to calculate the variance:
where y ν (i) is the trend function in segment ν.
(4) The generalized q-th order fluctuation function F q (s) is calculated:
(5) It is checked if F q (s) obeys the power-law behavior for the large values of s, according to the formula:
where h(q) means the generalized Hurst exponent. After using the equation τ(q) = qh(q) − 1 and the Legendre transformation α ¼ dτ dq , the multifractal spectrum is obtained as:
Figure 1 presents a schematic singularity spectrum with indications of all of the important parameters: α max , α min , α 0 , a s , and w. According to Mali (2014) , the width of the spectrum w (the difference between α max and α min ) can be regarded as a direct measure of the degree or complexity of multifractality. It shows the length to which the fractal exponent extent in the series, being an indicator of the Brichnessô f the signal structure. The greater is the value of w, the more developed is the multifractality. On the contrary, for pure monofractal, the width w of the spectra equals to 0, but, according to Makowiec and Fuliński (2010) , if it is lesser than Fig. 1 Schematic presentation of the main parameters of a multifractal spectrum 0.05, then monofractal behavior of the spectrum should be assumed. The type of events in the studied process is indicated by α parameters. The α min parameter indicates the most extreme and α max the smoothest events in the studied process. The α 0 parameter delivers valuable information about the structure of the studied process, with a high value indicating that it is less correlated and possesses fine structure. If the underlying process becomes correlated and loses its fine structure, becoming more regular in appearance, the α 0 value, which indicates at which value of α multifractal spectra achieves its maximum, is low. The multifractal spectrum shape is strongly modified by the asymmetry parameter a s .
The negative values of the a s (shape of the singularity spectra is left-skewed) indicates low fractal exponents of small weights, which imply that the extreme events play a prominent role in the temporal structure of the time series (Telesca and Lovallo 2011) . In contrast, a right-skewed spectrum (positive value of a s ) means fairly strong weighted fractal exponents, which are typical in fine structure series. Therefore, the values of the multifractal spectrum parameters (α 0 , w, a s ) can be used as quantitative and qualitative indicators of the dynamics of the meteorological processes. In general, two separate sources of the time series multifractality can be distinguished. As described by Kantelhardt et al. (2002) , they are as follows: a broad probability distribution (PDF) of the data or long-range (time) correlations of the small and large fluctuations. Of course, multifractality can be driven either by one of the sources or simultaneously by both of them (Min et al. 2013; Mali 2014) . To check which source of multifractality is dominant for a given time series, the tests with the utilization of randomly shuffled data (which remove any long-range temporal correlations) and surrogate data (if the surrogated data spectra display no multifractality, a PDF is mostly responsible) were performed. If, by shuffled data test, the obtained singularity spectra exhibit non-multifractal properties, then multifractality is only caused by long-distance power-law correlations. On the contrary, if the shuffled series display diminished multifractality compared to the undistorted series (that is the spectra widths decrease), then long-range correlations play the main role in the multifractality of the data, but each of the two kinds of multifractality may be present in the analyzed time series. It is because the shuffling operation (random change of arrangement of the data) does not affect statistical distribution of the data, and therefore no alterations in spectra shape should be visible. To check to what extent the broad probability distributions influence the multifractality of the series, surrogates were created utilizing the formalism described by Theiler et al. (1992) and which is usually titled as Amplitude Adjusted Fourier Transform. The range of s value for calculation of the fluctuation function F q (s) was set as 10 up to 300 events as a result of several trials and maintaining the highest possible stability of the obtained spectra as a criterion of selection.
To prevent a potential distortion of the results by the socalled Bfreezing^phenomenon (Kantelhardt et al. 2006) , the range of q had to be narrowed to [− 5;5] . This was because the density distributions of all the studied meteorological time series had heavy tails, which means that their tails were not exponentially bounded.
Results and discussion
The fluctuation functions F q (s) versus s were calculated for the 1980-2001 and 2002-2010 periods for all the studied meteorological quantities and presented as log-log plots (Fig. 2) to assess their scaling behavior. The quality of fit of the regression lines indicates whether the relationship can be considered as scale invariant. If a linear approximation dependence is detected over the same range of scales and the Pearson correlation error R 2 is higher than 0.98, then the scaling exponents τ(q) are considered as representative for the underlying scaling phenomenon (Makowiec and Fuliński 2010) . In our case, relationships between log(F q (s)) and log(s) can be represented by straight (not curved or S-shaped) lines for any of the analyzed time series, with very high (0.98-0.999) coefficients of determination R 2 , disregardless of the timescale. Therefore, it can be presumed that the decomposed time series used in the presented study are scale invariant and meet the requirements of further analysis. However, it may be noticed that the straight, unbent lines representing changes of F q (s) vs s have slopes ranging from 0.53 to 0.84, which reveals that the scaling behavior of the analyzed variables, locations, and periods differ considerably. It is especially obvious when comparing the slopes of the relative air humidity and air temperature fluctuation functions for all the analyzed stations and periods (H~0.7-0.8) with the slopes of the precipitation and wind speed fluctuation functions (H~0.55-0.60). Also, some differentiation between sub-periods (especially visible for relative air humidity and air temperature) and between stations in Poland and Bulgaria (particularly evident for the first sub-period of relative air humidity and the second subperiod of air temperature) can be noticed. In conclusion, it can be stated that climatic conditions and climatic shifts have some impact on fluctuations present in the time series, as the slopes of fluctuation functions F q (s) of time series of meteorological elements are influenced by them.
To give the possibility of checking the origin of multifractality of the time series, surrogates and shuffled series were generated. Multifractal spectra of relative air humidity (Fig. 3) , air temperature (Fig. 4) , precipitation (Fig. 5) , and wind speed (Fig. 6) for the original, shuffled, and surrogate time series were analyzed for all locations and both sub-periods. The respective multifractal parameters of the spectra are provided in Table 2 for the 1980-2001 period and in Table 3 for the 2002-2010 period.
The presented spectra with their multifractal parameters are proof that all the analyzed time series exhibit multifractal properties for both sub-periods and at all the locations, as the width w parameter of the original time series is higher than 0.05. Also, the spectra of the precipitation time series seem to be different from the spectra of the other time series, as w is two or even three times larger. After the shuffling procedure, the multifractal spectra become considerably narrower-even two or three times-for all the meteorological quantities, locations, and sub-periods, except for precipitation, for which the spectrum narrows by several percent. The huge narrowing of the shuffled spectra suggests that long-range correlations play the main role in the multifractality of the relative air humidity, air temperature and, to a lesser degree, wind speed time series, whereas the narrowing of the spectra of precipitation by several percent suggests that long-range correlations may be an important, but not the main, source of multifractality of those time series. We also observe some changes in the multifractal spectra pattern of the relative air humidity, air temperature, and wind speed surrogate data compared to the corresponding spectra of the original data, but those changes do not seem to be vast. Therefore, it can be concluded that the broadness of the PDF impacts the multifractality of those time series only slightly and mainly the long-distance power-law correlations evoke multifractality. Notwithstanding, for the precipitation time series, the change in shape of the surrogate spectra is more evident. It should therefore be assumed that the broadness of the PDF affects more substantial the multifractality of those time series.
To validate if the abovementioned characteristics are indeed intrinsic and apparent in the data, the absolute differences of the Hurst exponents for the original and shuffled data |h(q) − h shuf (q)| = |h cor (q)| and the original and surrogate data |h(q) − h sur (q)| = |h PDF (q)| for the q є [− 5;5] were calculated (Fig. 7) . Hurst exponents characterize the power-law pattern of large and small fluctuations for positive and negative q values, respectively. The more the shuffled (surrogate) spectra diverge from the spectra of the original data, the absolute differences of the Hurst exponents attain higher values. And with higher values of the absolute differences of the Hurst exponents, the contribution of the long-distance power-law correlations (when considering shuffled vs original spectra) or the broadness of the PDF (surrogate vs original) to multifractality is greater. And indeed, for relative air humidity and air temperature for the whole range of q, we observed that disregardless of the analyzed subset or location, multifractality from long-range correlations is dominant, whereas the broadness of the PDF plays a very minor role in multifractality of these quantities. Likewise, for the wind speed time series, the long-range correlations have a greater influence on multifractality than the broadness of PDF (except for the Chirpan station in the first sub-period for q > 3.5), but they are not so dominant as for relative air humidity and air temperature. On the contrary, for the precipitation time series, the broadness of the PDF is at least as important for multifractality as the long-range correlations, since either the corresponding absolute differences of the Hurst exponents is alternately greater, depending on the q value (as for most of the cases), or their contribution to multifractality is basically on the same level for the entire range of q (as it is for Chirpan station, second sub-period). It is clearly seen from the obtained results that the multifractal spectrum of the precipitation time series differs considerably from the spectra of other climatic variables analyzed. The predicted effect of the impact of climate change on precipitation is that the spatial and temporal patterns of this quantity are subject to vast changes, thus significantly influencing their PDFs. As the multifractality of precipitation results not only from the long-distance power-law correlations, but also from the broad probability density function, thus precipitation, from among the other studied climate variables, is more susceptible to changes of climate dynamics. This makes precipitation, which is currently difficult to forecast, even more unpredictable in the context of future climate changes. This outcome is coherent with the results presented in other papers Krzyszczak et al. 2017b) .
The comparison of the parameters of the multifractal spectra between the stations in Bulgaria and Poland indicates that for nearly all analyzed meteorological elements considerable differentiation can be spotted. Firstly, the close relation between the values of the maximum α 0 in relative air humidity and air temperature in both sub-periods, and in precipitation for the first sub-period, could be observed for stations belonging to the same climatic zone. But in the case of precipitation, α 0 for the stations located in Bulgaria is only slightly larger compared to the stations in Poland (~0.76 vs0 .74), which means that the underlying processes are slightly less correlated and have a slightly finer structure, whereas for relative air humidity and air temperature, these differences are more visible (from~4% for air temperature in the first subperiod, up to~15% for relative air humidity in the first subperiod). It is interesting that whereas for relative air humidity, the stations located in Bulgaria have larger α 0 values than the stations in Poland (~0.85 vs~0.74 in the first sub-period and 0.82 vs~0.77 in the second sub-period), for air temperature, it is the opposite (~0.82 vs~0.85 in the first sub-period and0
.79 vs~0.85 in the second sub-period), which means that in Poland, the underlying processes governing the relative air humidity dynamics are more correlated and have a less fine structure (a structure more regular in appearance) compared to the processes governing the relative air humidity dynamics in Bulgaria, whereas for air temperature, it is contrary and those differences are a slightly less noticeable. Secondly, the same close relation can be observed for the width of the spectrum w in both sub-periods of the relative air humidity, precipitation first (1980-2001) and second (2001-2010) sub-period of wind speed series. In case of the wind speed second sub-period, the Bulgarian stations have more homogeneous values of the spectrum width than the stations located in Poland, for which w differs not only from the Bulgarian stations, but also among themselves. The lowest value of the width of the spectrum in both sub-periods was observed for the Lublin station. As w parameter is connected to the Brichness^of the signal structure, obtained result may be related to the fact that this station, contrary to the others, is located within the city area. Such a location may Bpromote^some values of the wind speed, while in turn neglecting other values and making the signal structure less rich. It is interesting that for relative air humidity, the multifractality is more developed for the Polish stations in the first sub-period (larger values of w), whereas in the second sub-period, it is inverse, i.e., the Bulgarian stations are characterized by a Bricher^signal structure. In the other analyzed cases, the local climate characteristics manifest themselves more strongly than the regional ones, as either no close relation of the multifractal spectra parameters can be observed (as in the first air temperature sub-period) or the multifractal spectra widths of meteorological quantities coming from one station are completely different than these of the others (as in the first wind speed sub-period and the second air temperature sub-period for the Knezha station or the second precipitation sub-period for the Grabow station). Similar country-level congruence can also be observed for the asymmetry parameter a s for the first sub-period of relative air humidity and air temperature as well as for both subperiods of precipitation, especially for the Polish stations. It is interesting that generally, the spectra are rather rightskewed (which suggests that fine structures are more frequent) or tend to be symmetrical in shape. However, the extreme events become dominant for the second sub-period of precipitation, as the spectrum of the respective time series is left-skewed. Another aspect that is interesting to address is a comparison of the parameters of the multifractal spectra between the two subperiods, namely 1980-2001 and 2002-2010 . It allows us to address the question whether the MF-DFA method can be applied as an indicator of the changes in the dynamics of atmospheric processes before and after the observed climatic shift. It can be discovered that the values of α 0 change only slightly and are greater in the second sub-period for the relative air humidity and air temperature recorded at the Polish stations, for the precipitation at the Lublin site and the wind speed at the Chirpan and Lublin sites, whereas they are lower for the relative air humidity, air temperature and precipitation recorded at the Bulgarian stations, the precipitation at the Grabow site, and the wind speed at the Knezha and Grabow sites. Those variations are usually smaller than the changes between regions with differing climate conditions. Contrastingly, w changes more vastly. The multifractality is more developed in the second sub-period for: (i) air temperature by about 20% in case of the Bulgarian stations and the station in Grabow, and about 40% in case of Lublin station; (ii) relative air humidity by about 60% for the Bulgarian stations and about 15% for the station located in Lublin; (iii) precipitation recorded at Chirpan and Grabow by about 10%; and (iv) wind speed recorded at the station in Chirpan by about 20%. In turn, a decrease in the length of the range of fractal exponents in the signal was observed in the second sub-period for: (i) wind speed by about 20% for Knezha and Grabow and 30% for the Lublin station; (ii) precipitation recorded at Knezha and Lublin by about 10%; (iii) relative air humidity by about 20% for the Grabow station. In the case of the asymmetry, more consistent changes can be observed, as in the second sub-period, this parameter is generally lower or even changes its sign to negative (either the spectrum tends to be more symmetrical or the asymmetry changes from right to leftskewed), which means that more extreme events can be observed for this sub-period, or even (in case of left-skewed precipitation) a predominance of extreme events in spectrum is present. Only the wind speed and air temperature time series recorded at the Bulgarian stations break out of this trend, as the asymmetry for those time series is slightly more positive. Some differences between both sub-periods can be also seen when analyzing the absolute differences of Hurst exponents for the original and shuffled data or original and surrogates (Fig. 7) . Even though we do not see a change between both sub-periods regarding which source of multifractality is dominant, the contribution of long-range correlations and the broadness of the PDF slightly change. We can notice that (i) for relative air humidity recorded at the Chirpan station, both contributions to the multifractality source are larger in the second sub-period, (ii) for air temperature at the Polish stations, the contribution of long-range correlations increases, whereas that of the broadness of the PDF slightly decreases in the second sub-period, and for the Knezha station the contribution of the broadness of probability density function increases, and (iii) for wind speed at Chirpan, both sources have larger contributions to multifractality in the second sub-period. The observed changes suggest that MF-DFA has a potential to assess the variations in the dynamics of weather processes of time series located in varied climatic zones or before and after the climatic shifts, but to what extent it depends mainly on the analyzed quantity.
Conclusions
The obtained results strongly suggest that the studied meteorological quantities possess specific time and space dynamics that exhibit the property of self-similarity. This is an intrinsic feature of the analyzed meteorological time series, as the multifractality manifested itself for all of the quantities and did not depend on the site or the time period of the recorded data.
Multifractality of such meteorological elements as relative air humidity or air temperature time series stem from the longdistance power-law correlations. This kind of correlations is also a dominant source of the wind speed time series multifractality, but their influence is lesser. Of course, multifractality due to a broad PDF is present in these time series as well, but its impact is only minor. In turn, our findings indicate that the multifractal spectrum of precipitation varies considerably from the spectra of other analyzed climate variables, as for precipitation, the multifractality is driven by both sources, i.e., the broadness of the PDF and the long-distance power-law correlations, at least to the same extent. As climate change for sure impacts the PDFs of the time series, the above results strongly suggest that precipitation is a meteorological element more sensitive to changes in the dynamics of the climate than other analyzed climatic quantities. The presented analysis also reveals country specificity of the parameters describing the multifractal spectra, which is the evidence that MF-DFA is a method being capable to spot spatial variabilities of the dynamics of processes governing the atmosphere. In several instances (i.e., for meteorological quantities or parameters describing the multifractal spectra), the local climate characteristics manifested themselves more strongly than the regional ones related to temperate and semi-arid zones, but still, country congruence occurs for relative air humidity, precipitation, and air temperature (in case of air temperature such a feature was not noticed only in the width of the spectra w).
It was also established that the MF-DFA is sensitive to climatic shifts, as the spectra parameters of the time series divided into two subsets, differed considerably. It allows to state that the MF-DFA method can be used to assess qualitatively or even quantitatively the differences in the dynamics of atmospheric processes. Referring to the values of α 0 or the width of the spectrum w, no consistent changes were observed. This result implies that the impact on these two features was more from the local (climatic zones) than global changes in climate dynamics. However, the changes in the asymmetry parameter a s are more consistent and tend to change towards either less positive or even negative values, which clearly indicates that more extreme events are present or even dominate in the time series. The obtained singularity, spectra have led to a better description of the structure of the series, revealing noticeable modification of multifractal parameters after the climatic shift.
Because the results confirm differentiation of the multifractal characteristics of basic meteorological quantities depending on location and time lags, further studies of longterm climatic records from the network of stations located in a wider variety of climate zones are expected. Such an attempt, which is planned by the authors in future, will enable to detect differences in the multifractal properties of these series depending on climate zones or even to map them. Publisher's Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.
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